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a  b  s  t r  a  c  t
Improved  understanding  of heterogeneous  cellulose  hydrolysis  by  cellulases  is the  basis  for  optimis-
ing  enzymatic  catalysis-based  cellulosic  bioreﬁneries.  A detailed  mechanistic  model  is developed  to
describe  the  dynamic  adsorption/desorption  and  synergistic  chain-end  scissions  of  cellulases  (endoglu-
canase,  exoglucanase,  and  -glucosidase)  upon  amorphous  cellulose.  The  model  can  predict  evolutions
of  the  chain  lengths  of insoluble  cellulose  polymers  and  production  of  soluble  sugars  during  hydrolysis.
Simultaneously,  a modelling  framework  for uncertainty  analysis  is  built  based  on  a  quasi-Monte-Carlo
method  and global  sensitivity  analysis,  which  can  systematically  identify  key parameters,  help  reﬁne
the  model  and  improve  its  identiﬁability.  The  model,  initially  comprising  27  parameters,  is found  to be
over-parameterized  with  structural  and  practical  identiﬁcation  problems  under  usual  operating  condi-
tions (low  enzyme  loadings).  The  parameter  estimation  problem  is therefore  mathematically  ill posed.
The framework  allows  us,  on  the  one  hand,  to identify  a  subset  of 13  crucial  parameters,  of which  moreinetic parameters
ptimisation
accurate conﬁdence  intervals  are  estimated  using  a given  experimental  dataset,  and,  on  the other  hand,
to overcome  the  identiﬁcation  problems.  The  model’s  predictive  capability  is  checked  against  an  inde-
pendent  set  of  experimental  data. Finally,  the  optimal  composition  of  cellulases  cocktail  is  obtained  by
model-based  optimisation  both  for enzymatic  hydrolysis  and  for the process  of  simultaneous  sacchariﬁ-
cation  and  fermentation.
©  2015  The  Authors.  Published  by  Elsevier  B.V.  This  is  an open  access  article  under  the  CC  BY  license. Introduction
Enzymatic hydrolysis of cellulosic materials to produce reduc-
ng sugars has long been pursued for its potential for providing
bundant food and energy resources. It is a multi-step process that
akes place in a heterogeneous reaction system [1], in which insol-
ble cellulose is initially broken down at the solid-liquid interface
with enzyme adsorption/desorption) via the synergistic actions
f endoglucanases ([EC 3.2.1.4]) and exoglucanases ([EC 3.2.1.91]).
his initial degradation is accompanied by further liquid-phase
ydrolysis of soluble intermediate products, i.e., short cellulose
ligosaccharides and cellobiose, which are catalytically cleaved to
roduce glucose by the action of -glucosidase ([EC 3.2.1.21]).
Mechanistic understanding of the overall hydrolysis system
s certainly interesting for designing rational approaches for
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369-703X/© 2015 The Authors. Published by Elsevier B.V. This is an open access article u(http://creativecommons.org/licenses/by/4.0/).
enzymatic hydrolysis and subsequent fermentation processes.
However, the complexity of the system, which arises from the con-
certed action of several enzymes on a solid substrate/mixture in
a heterogeneous system, makes experimental kinetic studies very
difﬁcult. Accordingly, although many models of enzymatic hydrol-
ysis have been developed over the past decades, most of them
are empirical correlations and data-driven and as a result are only
applicable to speciﬁc cases/conditions [2–8]. Generally, they are:
(1) simply lumping the different cellulolytic enzymes together as
a single catalyst; (2) treating the cellulose mixture as a single bulk
concentration; (3) simplifying the reaction system as a homoge-
neous one, i.e., without considering the enzyme adsorption onto
and desorption from solid particles; (4) lacking analysis of model
identiﬁability and parameter uncertainty [9]. These approaches are
summarised in recent reviews of enzymatic hydrolysis of (ligno)
cellulose [10,11].
Efforts to propose mechanistic models have been made to
enhance understanding of the enzymatic hydrolysis of cellulose
[12–24]. However, they mainly lack thorough parametric studies
and experimental validation. Consequently, the predictability of
the models, especially for extrapolations, is still in doubt. At the
nder the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Nomenclature
C accessible binding sites on cellulose unoccupied by
enzymes (mmol  sites/L)
cov() covariance matrix of estimated parameters
D1,...,k , D variances in model outputs associated with simul-
taneous changes in the parameters 1,. . .,p and in all
the parameters, respectively
diag diagonal elements of a matrix
DP( = N) initial polymerization degree of cellulose substrate
E = en,  ex,  bg E = englucanase, exoglucanse, beta-glucosidase,
respectively
E’ = en,  ex E’ = englucanase, exoglucanse
Ea activation energy (kJ/mol)
Eload enzyme loading (g/L)
El, f concentration of free enzyme in liquid phase (g/L)
El, t concentration of total enzymein liquid phase (g/L)
Es, f concentration of free enzyme in solid phase (g/L)
Es,t concentration of total enzyme in solid phase (g/L)
〈EE ⊕ Gi〉 substrate-enzyme complex (g enzyme/L)
Fa fraction of accessible -glucosidic bonds
G1, G2, G3 concentration of glucose, cellobiose, cellotriose
(mmol/L), respectively
Gi concentration of cellulose polymer with polymer-
ization degree i(mmol/L)
IGIE , IG2E′ , IG3E′ inhibition constant of glucose, cellobiose, cel-
lotriose (g/L), respectively
J() sum of squares of residuals between simulations
and measurements
KadE adsorption equilibrium constant (L/mmol sites)
KdisE equilibrium constant of enzymatic hydrolysis
(mmol  -glucosidic bonds/L)
KE “apparent” reaction constant (103 mmol/(g
enzyme × h))
k*E “intrinsic” reaction constant (103 mmol/(g
enzyme × h))
kf adsorptionrate constant (L/(mmol sites × h))
kr desorptionrate constant (h−1)
ME enzyme molecular weight (g/mmol)
m, n, p number of model variables, data points, parameters,
respectively
Rei relative values between ﬁrst-order and total effect
sensitivity indices
R(i, j) correlation coefﬁcient between the estimated
parameters i and j
rGi production rate of Gi (mmol/(L × h))
Si , Si
tot ﬁrst-order, total effect sensitivity indices with
respect to parameter i, respectively
Wi weighting matrix
YG123/GN conversion of cellulose GN to soluble sugars (% C/C)
yi, yˆ
(
ti, 
)
measured variables, estimated variable values,
respectively
Greek letters
t signiﬁcance level for t-test
2E number of cellobiose lattice occupied by one
molecule of enzyme (mmol  sites/mmol enzyme)
, lb , ub, 0 parameter vector, lower and upper bounds,
initial guesses, respectively
E ﬁrst order deactivation constant of enzyme (1/h)
E binding capacity of substrate (mmol  sites/mmol -
glucosidic bonds)v conﬁdence intervals of parameters at t signiﬁcance
levelrefer reference values for corresponding parameters,
cited from literature2j errorvariance of jth meansurement
same time, studies to investigate fundamental mechanisms
of random hydrolysis (random chain scission) and processive
hydrolysis (chain-end scission) of polymers have been carried
out extensively using population balance modelling [25–30].
Population balance modelling involves tracking the numbers of
entities and behaviour of a population of particles based on the
analysis of the behaviour of single particles in local conditions
[31,32]. The results provide clues to the underlying mechanisms
of the enzymatic hydrolysis process of cellulose.
Following the above advances, this work develops a mecha-
nistic depolymerisation (scission) model of enzymatic hydrolysis,
taking into account the enzyme adsorption/desorption processes
in this heterogeneous system. Furthermore, a systematic sensi-
tivity analysis-based method is proposed for parametric studies,
model reduction and veriﬁcation with published experimental
data. Finally, the model’s predictive capability is checked against
an independent set of data and model-based optimisation studies
are presented.
2. Model development
2.1. Model assumptions
Model development is based on the following assumptions:
(1) There are several studies about how to modify and improve
the various physical properties of cellulose as a substrate, such
as particle size, ﬁbre structure, accessibility, crystallinity index,
and amorphicity index [24,33–39]. In this work, for simpliﬁ-
cation, the substrate is assumed to be completely amorphous
(non-crystalline) pure cellulose and be well ground into a very
ﬁne powder.
(2) The enzymatic hydrolysis takes place in a well-stirred tank
reactor. As a result, there is no mass transfer limitation during
enzymatic hydrolysis.
(3) The binding probability of enzyme to one polymer molecule is
proportional to the molecule’s polymerization degree. In other
words, the enzyme has equal accessibility to every -glucosidic
bond of the polymer [21,22].
(4) The quasi-steady state approximation holds for any intermedi-
ate complex, i.e.,〈EE ⊕ Gi〉E = en, ex, bg.
(5) The loading of cellulases (i.e., total loading of the three
core enzymes) is low. More speciﬁcally, the loading is no
more than 15 mg/g-glucan and 750 mg/L. Accordingly, inter-
action/crowding effects between different kinds of enzymes
are negligible during adsorption/desorption. The adsorp-
tion/desorption of each kind of enzyme is described separately
and considered reversible.
(6) Cellulosic polymers with chain lengths over four are deemed
to exist in solid phase and cannot dissolve into liquid. As
shown by Fig. 1, solid particles (DP ≥ 4) are depolymerized
by endoglucanases and exoglucanases, while soluble shorter
polymers (namely cellotriose and cellobiose) are exclusively
cleaved by -glucosidases. This is a reasonable assumption if
one compares the enzyme speciﬁc activities between insoluble
and soluble substrates. It has been found experimentally that
both endoglucanases and exoglucanases have relatively low
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Fig. 1. (a) Schematic representation of the concerted action by three cellulolytic enzymes en (endoglucanase), ex (cellobiohydrolase) and bg (beta-glucosidase) and hydrolysis
producing different cellulose chain lengths. Gi, starting substrate with DPi; Gi–j, Gj, and Gi-2, hydrolysed cellulose segments of DPi–j, DPj, and DPi-2 (insoluble intermediate
products); G2, cellobiose; G3, Cellotriose; G1, glucose. Action of en is represented by full arrow (→), of ex by dot-dash arrow ( ), and of bg by dashed arrow
(  ). Feedback inhibition of cellotriose, cellobiose and glucose is shown. (b) Action modes of the three enzymes during cellulolysis: random scission by endocellulase
(endoglucanase); chain-end processive scission by exocellulase (exoglucanase) releasing cellobiose; processive scission by beta-glucosidase on cellotriose and cellobiose
producing glucose.
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catalytic activities upon soluble sugars compared with those
upon solid cellulose [11].
7) The enzymes are inhibited by soluble sugars (Fig. 1)
non-competitively; the inhibition of glucose increases pro-
portionally to its concentration raised to the power of 3 [6];
additionally, enzyme activity decreases exponentially with
time [40].
.2. Dynamic adsorption/desorption of cellulases
The reaction of the enzyme-substrate complex is initiated upon
hysical contact of endoglucanases and exoglucanases with the
urface of an insoluble substrate. Equilibrium of enzyme adsorp-
ion/desorption is represented by the Langmuir isotherm model.
he time required for equilibrium to be reached is relatively
hort compared to the hydrolysis time [20,41–43]. Therefore, the
dsorption/desorption is decoupled from the formation of the
nzyme-substrate complex. The adsorption/desorption is repre-
ented by
 + EEl,t
kE f

kr
E
EEs,tandKEad =
EEs,t
EEl,tC
= k
E
f
kEr
(1)
here C is the accessible binding sites onto the -glucosidic bonds
f cellulose uncovered by enzymes, EEl,t and EEs,t are the total con-
entrations of one type of enzyme in liquid phase and adsorbed onto
olid phase respectively, KEad is the adsorption equilibrium con-
tant, and kEf and kEr are adsorption and desorption rate constants,
espectively.
The material balances of enzymes and accessible binding sites
n cellulose are represented by Eq. (2) and Eq. (3), respectively.
E
load = EEl,t + EEs,t (2)
E
N∑
i=4
[(i − 1)Gi] = C + 2˛E
EEs,t
ME
(3)
EEs,t =
[E
N∑
i=4
[(i − 1)Gi] + 2˛
E
ME
EEload + 1KEad ] −
√√√√{E N∑
i=4
[(i − 1)G
4˛E
MEhere EE load is the loading of any type of enzyme, E is the bind-
ng capacity of -glucosidic bonds, Gi represents the cellulose with
olymerization degree i (so the total concentration in terms ofg Journal 105 (2016) 455–472
“mmol  -glucosidic bonds/L” is (i − 1) Gi), 2E is the number of
cellobiose lattice occupied by one molecule of enzyme, and ME is
the enzyme molecular weight.
By eliminating the term C from Eq. (1) and Eq. (3), it is deduced
that
EEs,t =
E
N∑
i=4
[(i − 1)Gi]
1
KEadE
E
l,t
+ 2˛E
ME
(4)
Furthermore, by eliminating the term EEl,t using Eq. (2), Eq. (4)
is transformed into
2˛E
ME
EEs,t
2 − {E
N∑
i=4
[(i − 1)Gi] +
2˛E
ME
EE load +
1
Kad
}EEs,t + E
N∑
i=4
[(i  − 1)Gi]EE load = 0
(5)
By solving the above quadratic equation, we obtain the real root,
taking into account 0 ≤ EEs,t ≤ min(E
N∑
i=4
[(i − 1)Gi], EE load).
(Enzyme in solid phase EEs,t should be non-negative (≥0), not
bigger than total enzyme loading EE load or total binding capacity of
substrate E
N∑
i=4
[(i − 1)Gi]).
˛E
E
EEload + 1KEad }
2
− 8˛E
ME
E
N∑
i=4
[(i − 1)Gi]EEload
(6)
Eload and Gi may  change over time, so
where ST =
N∑
i=4
[(i − 1)Gi].
2.3. Enzymatic hydrolysis of cellulose
2.3.1. By endoglucanases (en)
The random hydrolysis action by endoglucanases in
solid phase is described by Michaelis–Menten kinetics
where Gi represents the cellulose with
polymerization degree i, Es,f
en is the “not complexed” endoglu-
canases in solid phase, 〈Een ⊕ Gi〉 symbolizes the substrate-enzyme
complex (in terms of “g endoglucanases/L”), and ken is reaction
constant. Endoglucanases break -glucosidic bonds of cellulose
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andomly, so the total solid substrate quantity is
N∑
n=4
[(n − 1)Gn].
he equilibrium constant Kdis
en is deﬁned by [24],
dis
en = Es,f
enFa(i − 1)Gi
〈Een ⊕ Gi〉
∼=
Es,f
enFa
N∑
n=4
[(n − 1)Gn]
N∑
n=4
〈Een ⊕ Gn〉
(8)
here Fa is the fraction of accessible -glucosidic bonds. Accord-
ngly, Eq. (9) is obtained by changing Eq. (8)
Een ⊕ Gi〉 ∼=
(i − 1)Gi
N∑
n=4
[(n − 1)Gn]
N∑
n=4
〈Een ⊕ Gn〉 (9)
Using the enzyme mass balance (Eq. (10)), we  can eliminate the
erm Es,f
en in Eq. (8) and obtain Eq. (11)
s,t
en = Es,f en +
N∑
n=4
〈Een ⊕ Gn〉 (10)
N
n=4
〈Een ⊕ Gi〉 =
Es,tenFa
N∑
n=4
[(n − 1)Gn]
Kdis
en + Fa
N∑
n=4
[(n − 1)Gn]
(11)
From Eqs. (9) and (11), we further obtain
Een ⊕ Gi〉 =
Es,tenFa(i − 1)Gi
Kdis
en + Fa
N∑
n=4
[(n − 1)Gn]
(12)
s shown in Eq. (12) the formation of one polymer-enzyme com-
lex 〈Een ⊕ Gi〉 is proportional to the product of total adsorbed
nzyme Es,ten and total accessible -glucosidic bonds of the poly-
er  Gi.
The overall production rate of Gi equals the contributions of
k (k = i + 1, i + 2,.  . .N) minus the loss of Gi, where Gi is cleaved by
ndoglucanases with a probability of 2k−1 [21,24], i.e.,
rGi
en = ken(
N∑
k=i+1
2
k − 1 〈E
en ⊕ Gk〉 − 〈Een ⊕ Gi〉)
=
kenEs,tenFa[2
N∑
k=i+1
Gk − (i − 1)Gi]
Kdis
en + Fa
N∑
n=4
[(n − 1)Gn]
i ≥ 4 (13)
Additionally, the formation rate of soluble sugars dissolving into
he liquid phase is obtained by
2kenEs,tenFa
N∑
GkGj
en = k=4
Kdis
en + Fa
N∑
n=4
[(n − 1)Gn]
j = 1, 2, 3 (14)g Journal 105 (2016) 455–472 459
2.3.2. By exoglucanases (ex)
Processive hydrolysis by exoglucanases is represented by
Gi + Es,f ex
Kdis
ex
 〈Eex ⊕ Gi〉
kex→Es,f ex + Gi−2 + G2(i ≥ 4)
where Es,f
ex is the “not complexed” exoglucanases in solid phase,
and 〈Eex ⊕ Gi〉 symbolizes the substrate-enzyme complex (g exoglu-
canases/L). There are generally two functionally different kinds of
exoglucanases, namely CBH-I and CBH-II, which processively cut
off cellulosic polymers from reducing and non-reducing chain ends,
respectively [44,45]. The total enzyme concentration in this case is
the sum of CBH-I and CBH-II assuming they have the same speciﬁc
activity.
Similar to Eq. (8), the equilibrium constant is deﬁned by
Kdis
ex = Es,f
exFaGi
〈Eex ⊕ Gi〉
∼=
Es,f
exFa
N∑
n=4
Gn
N∑
n=4
〈Eex ⊕ Gn〉
(15)
Since exoglucanases act on cellulose by means of chain-end scis-
sion, the total substrate quantity in the solid phase is represented by
N∑
n=4
Gn (compared with
N∑
n=4
(n − 1)Gn in Eq. (8)). The enzyme mass
balance and substrate-enzyme complex concentration are obtained
by Eq. (16) and Eq. (17), respectively
Es,t
ex = Es,f ex +
N∑
n=4
〈Eex ⊕ Gn〉 (16)
〈Eex ⊕ Gi〉 =
Es,texFaGi
Kdis
ex + Fa
N∑
n=4
Gn
(17)
The formation rate of Gi equals the depolymerisation of Gi+2
minus that of Gi, as follows
rGi
ex = k
exEs,t
ExFa(Gi+2 − Gi)
Kdis
ex + Fa
N∑
n=4
Gn
i ≥ 4 (18)
and the production rates of cellotriose and cellobiose are
obtained by Eq. (19) and Eq. (20), respectively
rG3
ex = k
exEs,t
exFaG5
Kdis
ex + Fa
N∑
n=4
Gn
(19)
rG2
ex =
kexEs,t
exFa(
N∑
k=4
Gk + G4)
Kdis
ex + Fa
N∑
n=4
Gn
(20)
2.3.3. By ˇ-glucosidases (bg)
Processive hydrolysis of soluble sugars (i.e., cellotriose and cel-lobiose) by -glucosidase is described by
Gi + El,fbg
kdis
bg
 〈EbgGi〉
kbg→El,fbg + Gi−1 + G1 (2 ≤ i ≤ 3)
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here El,f
bg is the “not complexed” -glucosidases in liquid phase,
nd 〈Ebg ⊕ Gi〉 symbolizes the substrate-enzyme complex (g -
lucosidases/L).
Like exoglucanases, -glucosidases cleave off glucose from cel-
otriose and cellobiose in the way of processive hydrolysis. Similar
o the analyses in Section 2.3.2, relevant equations are obtained and
hown below
dis
bg = El,f
bgGi
〈Ebg ⊕ Gi〉
∼=
El,f
bg
3∑
n=2
Gn
3∑
n=2
〈Ebg ⊕ Gn〉
(21)
l,t
bg = El,f bg +
3∑
n=2
〈Ebg ⊕ Gn〉 (22)
Ebg ⊕ Gi〉 =
El,t
bgGi
Kdis
bg +
3∑
n=2
Gn
i = 2, 3 (23)
The production/consumption rates of cellotriose, cellobiose and
lucose are calculated by Eq. (24), Eq. (25), and Eq. (26), respec-
ively,
G3
bg = − k
bgEl,t
bgG3
Kdis
bg +
3∑
n=2
Gn
= −k
bg(Eload
bg − Es,tbg)G3
Kdis
bg +
3∑
n=2
Gn
(24)
G2
bg = k
bg(Eload
bg − Es,tbg)(G3 − G2)
Kdis
bg +
3∑
n=2
Gn
(25)
G1
bg =
kbg
(
Eload
bg − Es,tbg
)( 3∑
k=1
Gk + G2
)
Kbgdis +
3∑
n=1
Gn
(26)
.3.4. Decrease in enzyme activity
It is often observed that the effectiveness of cellulases is dras-
ically reduced during hydrolysis. Until now, this phenomenon is
ot well understood and remains an open research question that
erits further studies such as [46,47]. In this work, the possible
easons for the rate reduction are hypothesised to be inhibition by
oluble sugars (Fig. 1(a)) and loss of enzyme activity. Accordingly,
he reaction constants change into Eqs. (27) and (28).
E′ = k∗E′
IE′G3
IE′G3 + G3
IE′G2
IE′G2 + G2
IE′G1
IE′G1 + G
3
1
E′ = en, ex (27)
bg = k∗bg
IbgG1
IbgG1
+ G1
(28)
here IG1
E′ (and IG1
bg), IG2
E′ , and IG3
E′ are respectively inhibition
onstants of glucose, cellobiose, and cellotriose. k∗E
′
and k∗bg rep-
esent “intrinsic” reaction constants. The inhibition is considered
o be non-competitive and the effect of glucose is taken to increase
roportionally to its concentration raised to the power of 3 [6].g Journal 105 (2016) 455–472
Additionally, thanks to ﬁrst order kinetics of enzyme deactiva-
tion [40], the remaining relative enzyme speciﬁc activities after t
time are
exp(−E × t), E = en, ex, bg (29)
where E represent the ﬁrst order deactivation constants.
2.4. Summary of mass balances
The overall formation rates of each species are obtained as fol-
lows
dG1(t)
dt
= rG1 en exp(−en × t) + rG1bg exp(−bg × t) (30)
dG2(t)
dt
= rG2 en exp(−en × t)
+ rG2 ex exp(−ex × t) + rG2bg exp(−bg × t) (31)
dG3(t)
dt
= rG3 en exp(−en × t)
+ rG3 ex exp(−ex × t) + rG3bg exp(−bg × t) (32)
dGi(t)
dt
= rGi en exp(−en × t) + rGi ex exp(−ex × t) i ≥ 4 (33)
3. Computational methods
3.1. Parameter estimation
One set of data for non-crystalline cellulose hydrolysis is used for
parameter estimation [6], in which SpezymeCP (Genencor, lot no.
301-00348-257) had an average activity of 31.2 ﬁlter paper units
(FPU)/mL and was  diluted to 1 and 3 FPU by adding buffer solutions.
Another set of data for phosphoric acid swollen cellulose hydrolysis
was used to check the model’s predictive ability, where mixtures of
different mole percentage of Humicola insolens endoglucanase and
enxoglucanase (CBH II), and Penicillium brasilianum ˇ-glucosidase
were used to hydrolyze phosphoric acid swollen cellulose [66].
The values of parameters are iteratively adjusted to obtain the
most accurate agreement between predictions and measurements,
i.e., by minimizing the weighted sum of squares of residuals:
J
(

)
=
n∑
i=1
[ˆ
y
(
t1, 
)
− y1
]T
W1
[ˆ
y
(
t1, 
)
− y1
]
s.t.lb ≤  ≤ ub
(34)
In order to tackle some drawbacks in multimodal optimisation
problems such as dependency on initial guesses, a hybrid solution
strategy is employed, combining the genetic algorithm with the
Nelder–Mead simplex search method [48].
Assuming that the error terms for each experiment are additive,
independently/uncorrelated and identically distributed normally
with zero mean and variance 2j , the inverse co-variance matrix
(i.e., weighting matrix) is [49].
Wi = diag(1−2, 2−2, ..., m−2) (35)
When maximum likelihood estimation is used, the covariancematrix of  is obtained by linear approximation [50].
cov
(

) ∼= J
(

)
mn  − p
{[
KyT
(
t, 
)]
W
[
KyT
(
t, 
)]T}−1
(36)
neerin
o
R
d
3
m
t
p
p
t
S
w
w
t
t
o
t
p
S
i
a
R
3
c
Y
s
p
s
o
[
r
t
t
s
w
l
cH. Niu et al. / Biochemical Engi
Then, the conﬁdence intervals of  at t signiﬁcance level are
1−t =  ±
√
diag
(
cov
(

))
× t1−t/2 (mn  − p)
s.t. 0 ≤ 1−t
(37)
Furthermore, the approximate correlation matrix of  can be
btained, the ijth element of which is given by
(
i, j
)
=
cov
(
i, j
)
√
2i
2j
(38)
The diagonal elements of the matrix are all unity and the off-
iagonal elements are in the interval [−1,1].
.2. Global sensitivity analysis
Global sensitivity analysis (GSA), speciﬁcally the Sobol’ GSA
ethod, is used to further evaluate the identiﬁability of parame-
ers, i.e., sensitivities of model outputs (y) to variations of model
arameters  [51,52]. The temporal proﬁle of sensitivities of out-
uts with respect to parameter variation is calculated in terms of
he sensitivity indices below
1,...,k
=
D1,...,k
D
(39)
here D1,...,k and D are the variation in model outputs associated
ith changes in each parameter 1,. . .,p and in all parameters simul-
aneously, respectively.
The ﬁrst-order indices,Si , indicate the sensitivity with respect
o one individual parameter without interactions, while higher
rder indices,S1,...,k , represent the effect of interactions between
he parameters. Total effect indices with respect to each
arameter,Si
tot , are deﬁned as
i
tot = Si +
k∑
j /=  i
Si,j +
k∑
j,l /=  i
Si,j,l + · · · + Si,j,l,···,k (40)
Additionally, a matrix of relative values calculated by Eq. (41)
ndicates levels of parameter interactions, i.e., the closer the values
re to one, the lower the interactions.
i
=
Si
Si
tot (41)
.3. Model-based optimisation
As an optimisation criterion for cellulose hydrolysis, the percent
onversion to soluble sugars in terms of % C/C is deﬁned as
G123/GN
= 100G1 + 2G2 + 3G3
N × GN
(42)
Process performance is compared with that of a simultaneous
acchariﬁcation and fermentation (SSF) process [53–58]. For this
urpose, we consider an engineered Geobacillus thermoglucosida-
ius strain TM242 which can produce ethanol with an inoculum
f 0.15 g DCW/L. Through systematic metabolic network reduction
59], a fermentation model (based on ﬁve main macro-metabolic
eactions) is integrated with the above hydrolysis model to describe
he SSF process [60].
By calculating percent conversion YG123/GN for a batch process of
he enzymatic hydrolysis and a batch SSF under different compo-
itions of the three core enzymes, respectively, we can determine
hat compositions are optimal in either case with regard to cel-
ulose conversion to soluble sugars. In the both processes, initial
ellulose concentrations are set to 50 g/L.g Journal 105 (2016) 455–472 461
4. Results and discussion
4.1. Parameter uncertainty and preliminary estimation
Uncertainty analysis assesses the conﬁdence in mod-
elling results (including parameter estimates and model
outputs/predictions) by quantiﬁcation of the propagation of
various sources of errors in the model input and design. The
errors may  originate from two sources: one is the quality and
amount of data used to develop the model (each measurement is
associated with a measurement noise and the system is usually
observed partially); another is the model structure, which may not
be a perfect representation of the real system. As shown in Eqs.
(36)–(38), parameter uncertainty in terms of conﬁdence intervals
and correlation matrix can be estimated from the calculation of
the Fischer information matrix based on local sensitivity analysis.
Additionally, model prediction uncertainty will be investigated
in Section 4.2 by two  related methods: quasi Monte-Carlo (QMC)
simulation using Sobol’ sequences and global sensitivity analysis
using the Sobol’ method (GSA). Fig. 2 depicts the framework used
in this study.
One set of data for non-crystalline cellulose hydrolysis was  used
for assessing model ﬁts and parameter estimation [6]. The activity
of an enzyme in solution is proportional to its protein concentra-
tion [61] and 1PFU is approximated to 2 mg  protein [62–65]. The
components of SpezymeCP are assumed to be 12% w/w endoglu-
canases, 80% w/w exoglucanases, 4% w/w  -glucosidases, and other
enzymes [1,66,67]. The molecular weights are 43 kDa, 65 kDa, and
110 kDa for endoglucanases, exoglucanases, and -glucosidases,
respectively [1,66,67].
The model includes 27 parameters in total, i.e., k*E, KdisE, E,
KadE, IG1E, IG2E
′
, IG3E
′
E, 2˛E (E = en, ex, bg;  E′ = en,  ex), Fa and DP
of cellulose. For detailed deﬁnitions of the parameters, please refer
to the nomenclature section. Initially, after GSA analysis was per-
formed, eight non-signiﬁcant parameters were set at their nominal
values: reported values of Fa and DP were used, i.e., 0.12 and 152,
respectively [11]; E values were ﬁxed at 0.0122 h−1 [40,67,68];
and 2E were assumed to be the values of 43, 65, 110 for endoglu-
canases, exoglucanases, and -glucosidases, respectively [69,70].
As a result, there were 19 parameters left for estimation.
As shown in Table 1, lower and upper bounds for con-
strained minimization (Eq. (34)) are set with reference to
literature [1,5,6,24,11,45,62,63,71–75]. 0 are initial guesses for
the parameters. Preliminary parameter values estimated using this
methodology and their 95% conﬁdence intervals are summarized
in Table 1. As illustrated in Fig. 3 depicting the dynamic concentra-
tion proﬁles of non-crystalline cellulose, glucose, cellobiose, and
oligosaccharides for hydrolysis processes under different condi-
tions [6], the model simulation results are in adequate agreement
with the experimental data. Generally, a typical biphasic pattern
is observed in every process, i.e., a faster initial rate of hydrolysis,
which progressively slows down possibly due to product inhibition
and enzyme deactivation [10,11,45].
Moreover, the covariance matrix obtained by Eq. (36) allows
analysis of the extent of correlation between the parameters (Eq.
(38)). The correlation coefﬁcients are shown in Fig. 4(a). High cor-
relation coefﬁcients (the absolute value of off-diagonal elements
>0.7) are occasionally found between some parameters and the
ratios of conﬁdence intervals to means of certain parameters, espe-
cially E, implied by Table 1 are rather high, indicating the estimates
are highly correlated and may  be inaccurate. One reason is, to
a large extent, the model structure, such as over parameteriza-
tion, which is often encountered in the modelling of bioreﬁnery
processes [9,76,77]. Another possible reason would be poor experi-
mental design/information content of data. In the following section,
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Fig. 2. Flow chart of parameter estimation, uncertainty analysis, and model reﬁnement. DOE: design of experiments; GSA: global sensitivity analysis; QMC: quasi-Monte-Carlo
simulations.
Table 1
Preliminary estimates of parameter values (dim = 19) with 95% conﬁdence intervals at 50 ◦C.
 refer lb ub 0 ˆ References
k*en 4.0 1.0 7.0 4.00 2.32 ± 0.16 [24,75]
k*ex 0.80 ∼ 1.60 0.4 3.2 1.8 1.94 ± 0.23 [24,75]
k*bg 0.193 ∼ 115 0.15 120 60.1 17.6 ± 1.20 [11,73]
kdisen 0.333 0.1 2 1.05 1.22 ± 0.05 [24]
kdisex 0.25 0.1 2 1.05 0.41 ± 0.03 [11,24]
kdisbg 0.057 ∼ 4.81 0.03 10 5.02 8.46 ± 1.02 [71,73,74]
en 0.58 ∼ 1.9 0.2 10 5. 10 6.18 ± 2.51 [45]
ex 0.16 ∼ 0.75 0.05 10 5.03 5.81 ± 7.25 [45]
bg 0.269 0.1 5 2.55 0.47 ± 1.26 [61]
kaden 15 ∼ 280 10 350 180 62.5 ± 3.2 [45,61,62,72]
kadex 15 ∼ 280 10 350 180 44.2 ± 0.9 [45,61,62,72]
kadbg 15 ∼ 280 10 350 180 15.4 ± 2.7 [45,61,62,72]
IG2en 0.015, 5.20 0.01 50 25 51.4 ± 6.48 [5], [6]
IG2ex 132, 5.20 0.5 150 75.3 2.15 ± 0.58 [5], [6]
IG1bg 0.07 ∼ 3.9 0.04 6 3 0.12 ± 0.09 [5,6,73,74]
IG1en 0.1, 0.08 0.05 3 1.5 0.47 ± 0.21 [5], [6]
IG1ex 0.04, 0.08 0.02 3 1.5 0.82 ± 0.08 [5], [6]
IG3en 8.69 0.5 500 250 182 ± 32 [6]
IG3ex 8.69 0.5 500 250 295 ± 41 [6]
Fa 0.12 0.09 0.16 0.12 Fixed at 0.12 [24]
DP 152 100 200 152 Fixed at 152 [24]
en ,ex ,bg 0.0122 0.006 0.0244 0.0122 Fixed at 0.0122 [37]
2˛en/Men ,
2˛ex/Mex , 1 0.5 1.5 1 Fixed at 1 [69,70]
2˛bg /Mbg
Note: some parameters were ﬁxed at (1) en = ex = bg = 0.0122 h−1; (2) DP = 152, Fa = 0.12; (3) 2˛en = 43, 2˛ex = 65, 2˛bg = 110. Refer to Nomenclature for unit.
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Fig. 3. Experimental data and model predictions of non-crystalline cellulose hydrolysis, including the time proﬁles of insoluble cellulose, glucose, cellobiose, and oligosac-
charides  (G3–G6). Experimental data are represented as discrete points while model simulations are depicted as continuous lines.
Cellulases loadings: 1 FPU/g-glucan in processes of (a)–(d); 3 FPU/g-glucan in processes of (e)–(h). Starting substrates: only non-crystalline cellulose in (a) and (e); non-
crystalline cellulose with 5% (w/w) cello-oligosaccharides in (b) and (f); non-crystalline cellulose with 5% (w/w) glucose in (c) and (g); non-crystalline cellulose with 5% (w/w)
cellobiose in (d) and (h). (Experimental data from Peri et al. [6])
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Fig. 4. Correlation matrix of the identiﬁed parameters. (a), preliminary estimation, dim  = 19; (b), reﬁned estimation, dim  = 13.
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he model structure and prediction uncertainty are analysed by
eans of QMC and GSA to improve identiﬁability and reliability.
.2. Prediction uncertainty, parameter reduction and reﬁned
stimation
As shown by the  in Table 1, the model comprises 27 parameters
n total, which are subjected to sampling input uncertainty using
MC and GSA. As mentioned above, eight parameters were initially
ound non-signiﬁcant, the subjective input uncertainties of which
re lb ≤  ≤ ub, as shown in Table 1. In addition, the subjective
nput uncertainties of the rest 19 parameters are deﬁned by the
reliminary estimates aˆnd at the same time the values of ex and
bg are restricted to be non-negative.
At ﬁrst, the QMC  simulations obtained by simulating 1000 sam-
les using the model result in 1000 time-series of dynamic proﬁles
n Fig. 5 for a group of typical cases, i.e., starting cellulose con-
entrations of 10, 25, 50, 100 g/L and initial SpezymeCP cellulases
oadings of 0.5, 1.5, 3, 6 PFU/g-glucan. The model prediction uncer-
ainty is represented using mean, 10th, and 90th percentile of the
istribution of each model output at each time instant in Fig. 5.
he prediction uncertainty of model outputs is illustrated by the
pread of the prediction distribution, and the following conclu-
ions can be obtained: (1) the aforementioned biphasic phenomena
nevitably occurs with the hydrolysis processes in batch mode; (2)
ydrolysis performance (i.e., the percent conversion of cellulose to
oluble sugars) does not increase linearly but rather asymptotically
ith the increase of initial cellulases loadings; (3) interestingly, it
s found that the major accumulation product is glucose in the all
ases while the 90th percentile of cellobiose and cellotriose con-
entrations peaks around the end of the ﬁrst (fast) hydrolysis phase
<10 g/L) and monotonically decreases thereafter.
Meanwhile, to understand what underlies this prediction uncer-
ainty and what parameters are most critical to the model
rediction, GSA is performed. The GSA results (Fig. 6(a)) illustrate
hat model outputs are insensitive to Fa, DP,  E and 2˛Eover time
n the given but reasonable spaces as noted in Table 1, based on a
uantitative criterion of max(Stoti
) < 0.05 in this work. This means
hey can be ﬁxed at the pre-selected values. In addition, it is found
hat other non-signiﬁcant parameters are KadE, IG2en, IG3en, and
G3
ex. This can be explained as follows. Firstly, only low cellulases
oadings (≤750 mg/L), i.e.,
∑
E=en,ex,bg
(EEs,t+EEl,t), were implemented
xperimentally and usually EEs,t > 3EEl,t (bound enzymes >75%
/w observed by [62,63,72,78]). As a result, according to the cor-
esponding parameter values in Table 1, it can be predicted that
1
Kad
EEE l,t
> 3 × 2˛E
ME
under usual operating conditions. Consequently,
q. (4) is transformed into EEs,t ∼= EKadEEEl,t
N∑
i=4
[(i − 1)Gi], i.e.,
nly the products of EKad
E tend to be structurally identiﬁable
nder usual experimental conditions. Therefore, KadE can be set
eaving just E to be estimated. Secondly, thanks to the format of
ichaelis–Menten kinetics and the fact that the preliminary esti-
ates of IG2en, IG3en, and IG3ex (shown by Table 1) are all much
igger than the corresponding product concentrations (the above-
entioned <10 g/L obtained by the QMC  simulations), these three
arameters can be practically eliminated from the model. As a
esult, a subset of 13 crucial parameters is identiﬁed.
The reﬁned estimates for these parameters are summarized in
able 2 with the corresponding 95% conﬁdence intervals. The corre-
ponding correlation coefﬁcients are shown in Fig. 4(b). It is found
hat the absolute values of all off-diagonal elements of correlation
atrix are less than 0.6. From the ratios of Si to Si
tot(i.e.,Ri in Eq.g Journal 105 (2016) 455–472 465
(41)) shown by Fig. S2, we can also conclude that the 13 parameters
are less correlated unlike the very high interactions between some
of the 27 parameters shown by Fig. S1. Additionally, as shown in
Fig. 6 and Fig. S2, model predictions are generally more sensitive in
the ﬁrst 10 h of hydrolysis (i.e., the ﬁrst phase), which means that
more frequent sampling in this phase can yield more informative
data for parameter estimation.
No signiﬁcant difference is observed between the simulations
with the reduced model of 13 crucial parameters (using the means)
and with 19 parameters (using the means) (results not shown). By
comparison, the J
(

)
values change from 52.3 to 46.1 for the overall
model and reﬁned model, respectively. In addition, the uncertainty
of model outputs is investigated by QMC  simulations with the esti-
mates of 13 parameters (Fig. 7 and Figure S3). Compared to Fig. 5,
a smaller distribution spread of the outputs is observed in Fig. S4.
Overall, as shown by the validation results (Fig. 6 and Fig. S3), the
estimates are reﬁned and the identiﬁability of the reﬁned model is
improved.
4.3. Model predictability and model-based optimisation
According to the results of the prediction uncertainty analysis,
the model can be reduced to 13 crucial parameters with the other
parameters eliminated or ﬁxed at the values from literature under
usual operating conditions. Note that the model should be care-
fully extrapolated to hydrolysis processes with high loadings of
enzymes (>15 mg/g-glucan or >750 mg/L). Fortunately, high load-
ings are usually not used in industry applications due to high cost.
Besides direct validation with the data of Peri et al. [6], another
set of data for phosphoric acid swollen cellulose (PASC, which was
regarded as amorphous cellulose) hydrolysis was used for cross val-
idation to check the model’s predictive ability [44,79]. As shown in
Table 3, the model is indeed capable of predicting the experimental
measurements with sufﬁcient accuracy. This further suggests that
the model can be successfully adapted to new processes.
This detailed mechanistic model provides a tool for optimising
the cellulose hydrolysis process. An obvious target is to determine
the optimal composition of cellulases cocktail including the three
core constituents/enzymes. The optimised cocktail can, in theory,
reduce the loading of enzymes without sacriﬁcing the hydroly-
sis yield or increase the sugar yield in shorter incubation time.
The optimisation procedure is as follows. Firstly, in silico simula-
tions are performed under 1000 different make-ups of the three
enzymes. Percent conversion YG123/GN is calculated with respect to
different compositions. Then, a ternary plot of the results clearly
illustrates what compositions are optimal with respect to con-
version to soluble sugars. Here, the “compositions” correspond
to the samples that are taken for simulations. The optimisation
is carried out for batch processes of both enzymatic hydrolysis
and SSF. Initial cellulose concentrations are set to 50 g/L for both
processes. As shown by subplots (a) and (b) of Fig. 8, it can be
concluded that the optimal cocktail with the highest synergism
should contain 60-85% endoglucanases, 10–30% exoglucanases,
and 3–5% beta-glucosidase (w/w/w)  for both processes. By com-
parison, the cocktail was  experimentally optimized by Andersen
et al. for the hydrolysis of PASC in batch mode [44,79]. The opti-
mal  cocktail was found to be en:ex:bg = (50–100):(0–40):(10–40)
(w/w/w). Gao et al. also experimentally optimized six core enzymes
for sacchariﬁcation of ammonia ﬁber expansion (AFEX) pre-
treated corn stover [80]. The optimal composition was found to
be endo: CBH I: CBH II: beta-glucosidase: endo-xylanase: beta-
xylosidase = 31.0:28.4:18.0:4.7:14.1:3.8 (w/w/w/w/w/w).A reasonable enzyme loading would lie at a value between
2.5 and 7.5 mg/g-glucan as an activity-cost trade off (one could
determine optimal enzymes loading by taking into consideration
enzymes cost and increase in rate of hydrolysis). From the sim-
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Fig. 5. Representation of uncertainty of the model predications for cellulose, glucose, cellobiose, and cellotriose over hydrolysis with all the parameters (dim  = 27). Quasi
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monte  Carle simulations (1000 samples, white blue lines), mean (→), and 10th ( 
ypical cases: (a), starting non-crystalline cellulose concentrations of 10, 25, 50, and
ellulases loadings of 0.5, 1.5, 3, and 6 FPU/g-glucan, and 50 g/L starting non-crysta
lation results, in batch enzymatic hydrolysis, only around 40% of
0 g/L cellulose can be converted into soluble sugars by the optimal
ellulases cocktail with 7.5 mg/g-glucan loading in 96 h. By com-
arison, about 90% of the cellulose is hydrolysed with the same
ellulases cocktail in 96 h thanks to reduced inhibitions of prod-
cts, which are simultaneously fermented into ethanol. According
o subplots (c) and (d) of Fig. 8 that YG123/GN values are around 40%
/C and around 90% C/C after 96 h, respectively, using 375 mg/L (i.e.,
.5 mg/g-glucan) optimised cellulases cocktail.As mentioned in the introduction, experimental validation using
mpirical models and pure mechanistic analysis of cellulose enzy-
atic hydrolysis (with high complexity, such as heterogeneous) and 90th ( ) percentile of the predictions.
L, and 6 FPU/g-glucan SpezymeCP cellulases loading in all processes; (b), SpezymeCP
ellulose concentration in all processes.
reaction, random chain and chain-end processive scission by dif-
ferent enzymes, and depolymerisation of polymer mixture) has
typically been performed separately [12–24]. This work is an early
stage effort to bridge the gap between detailed mechanistic mod-
eling and experimental parametric studies. In the future, more
process-level factors, such as diverse substrate physical properties
as a result of various pretreatment methods, can be included into
the model to make it more applicable to real processes. Following
the systematic framework of parameter estimation and identiﬁ-
ability analysis presented herein (Fig. 2), model parameters can
be identiﬁed and reﬁned with experimental data available and/or
using optimal experimental design. We aim to employ the devel-
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sig. 6. Sensitivities of model outputs (namely glucose, cellobiose, cellotriose from
arameters (the column on the right hand, i.e., (b)) during the course of an example h
nly  the values of total sensitivity indices Si
tot are shown.ped model to guide the improvement of the hydrolysis and SSF
rocesses in terms of operating conditions, initial cellulose concen-
rations, feeds of enzymes and cellulose, and separation of soluble
ugars or ethanol. Additionally, the model can direct future rationalo bottom) to 27 parameters (the column on the left hand, i.e., (a)) and 13 critical
ysis process (corresponding to Fig. 3(a)). Color axis scaling is given in every subplot.approaches to the development of multi-gene expression systems
to directly produce optimised enzyme mixtures of exoglucanase,
endoglucanase, and beta-glucosidase [81], especially in the context
of consolidated bioprocessing [82–85].
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Fig. 7. Representation of uncertainty of model predictions for cellulose, glucose, cellobiose, and cellotriose over hydrolysis with the reduced set of parameters (dim  = 13).
Quasi  Monte Carle simulations (1000 samples, white blue lines), mean (→), and 10th ( ) and 90th ( ) percentile of the predictions.
Two hydrolysis processes: (a), SpezymeCP cellulases loading = 1 FPU/g-glucan; (b), SpezymeCP cellulases loading = 3 FPU/g-glucan.
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Table  2
Reﬁned estimates of the parameter values for the reduced model (dim = 13) with 95% conﬁdence intervals at 50 ◦C.
 lb ub 0 ˆ Unit
k∗en 1.0 7.0 4.0 2.12 ± 0.04 103 mmol/(g enzyme × h)
k∗ex 0.4.0 3.2 1.8 1.52 ± 0.03 103 mmol/(g enzyme × h)
k∗bg 0.15 120 60.1 14.8 ± 0.5 103 mmol/(g enzyme × h)
Kdisen 0.10 2.0 1.05 1.28 ± 0.04 mmol -glucosidic bonds/L
Kdisex 0.1 5.0 1.05 0.17 ± 0.02 mmol -glucosidic bonds/L
Kdisbg 0.03 10 5.02 6.58 ± 0.43 mmol -glucosidic bonds/L
en 0.20 10 5.10 5.24 ± 0.68 10−3 mmol sites/mmol-glucosidic bonds
ex 0.05 10 5.03 6.25 ± 0.72 10-3 mmol sites/mmol-glucosidic bonds
bg 0.10 5.0 2.55 0.32 ± 0.21 10-3 mmol sites/mmol-glucosidic bonds
IG2ex 0.50 150 75.3 0.95 ± 0.24 g/L
IG1bg 0.04 6 3 0.11 ± 0.07 g/L
IG1en 0.05 3 1.5 0.78 ± 0.23 g/L
IG1ex 0.02 3 1.5 0.61 ± 0.14 g/L
Note: the pre-set values for the rest insensitive parameters are (1) en = ex = bg = 0.0122 h−1; (2) DP = 152, Fa = 0.12; (3) 2˛en = 43, 2˛ex = 65, 2˛bg = 110; (4) Kaden = 50 L/mmol
sites,  Kadex = 450 L/mmol sites, Kadbg = 15 L/mmol sites.
Table 3
Comparison between predictions and experimental measurements (shown in brackets and in red) of enzymatic hydrolysis products during degradation of PASC. (For
interpretation of the references to colour in this Table 3, the reader is referred to the web version of this article.)
N nation
5
d
b
s
a
d
eote: n.d., not detected; d.l.a., detected in low amount; Comb., experimental combi
. Conclusions
In this work we developed a detailed mechanistic model of
epolymerisation (chain-end scission) of amorphous cellulose
y three core cellulolytic enzymes in a heterogeneous catalytic
ystem. Separate steps for enzyme adsorption, formation of a cat-
lytically active complex with cellulosic chains/ends, and enzyme
esorption have been included. Through parametric analysis and
xperimental validation, we show that the resulting model with number. (Experimental data from Andersen et al. [44,79]).
the reduced parameter set (13 out of an initial set of 27) is capa-
ble of predicting the evolution of distribution of insoluble cellulose
chain lengths (from four to DP) as well as the production of
soluble sugars during synergistic enzymatic hydrolysis. Finally,
model-based optimisation for hydrolysis and SSF conclude that
the optimal composition of cellulases cocktail is approximately
en:ex:bg∼=60–85:10–30:3–5(w/w/w) both for enzymatic hydrol-
ysis and for more advantageous SSF process.
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Fig. 8. (a) and (b): Ternary plots of conversion rate YEth/GDP (% C/C) as a function of varying total cellulase cocktail loadings and time during only hydrolysis (subplot (a)) and
SSF  (subplot (b)) of non-crystalline cellulose (both processes are of batch mode). In each subplot, from left to right, hydrolysis time of 24 h, 48 h, and 96 h; from top to bottom,
total  enzyme loadings of 2.5, 7.5, and 15 mg/g-glucan. (c) and (d): Contour plots of against time and cellulases loading at an optimum of en:ex:bg = 70:25:5(w/w/w) during
only  hydrolysis (subplot (c)) and SSF (subplot (d)) of non-crystalline cellulose (both processes are of batch mode).
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